Determining thin layer thickness is very important for reservoir characterization and CO 2 quantification. Given its high time-frequency resolution and robustness, the complex spectral decomposition method was applied on time-lapse 3-D seismic data from the Ketzin pilot site for CO 2 storage to evaluate the frequency-dependent characteristics of thin layers at the injection level. Higher temporal resolution and more stratigraphic details are seen in the all-frequency and monochromatic reflectivity amplitude sections obtained by complex spectral decomposition compared to the stacked sections. The mapped geologic discontinuities within the reservoir are consistent with the preferred orientation of CO 2 propagation. Tuning frequency mapping shows the thicknesses of the reservoir sandstone and gaseous CO 2 is consistent with the measured thickness of the sandstone unit from well logging. An attempt to discriminate between pressure effects and CO 2 saturation using the extracted tuning frequency indicates that CO 2 saturation is the main contributor to the amplitude anomaly at the Ketzin site. On the basis of determined thickness of gaseous CO 2 in the reservoir, quantitative analysis of the amount of CO 2 was performed and shows a discrepancy between the injected and calculated CO 2 mass. This may be explained by several uncertainties, like structural reservoir heterogeneity, a limited understanding of the complex subsurface conditions, error of determined tuning frequency, the presence of ambient noise and ongoing CO 2 dissolution.
I N T RO D U C T I O N
Carbon capture and storage is a comparatively cost-effective technology for preventing substantial amounts of CO 2 from entering into the atmosphere in the next several decades. The Ketzin site, serving as the first European onshore pilot-scale CO 2 storage site, is situated on the southern flank of the Ketzin anticline, approximately 25 km west of Berlin, Germany (Fig. 1) . In 2007, three wells (one injection well, Ktzi 201 and two observation wells, Ktzi 200 and Ktzi 202) were drilled to a depth of 750 m to 800 m with a distance of 50-110 m from each other. In 2012, another observation well, Ktzi 203, was drilled to a depth of 700 m with a distance of 25 m from Ktzi 201 (Liebscher & Münch 2015) . Injection of CO 2 started in June 2008 and ceased in August 2013 (Martens et al. 2014) . A total of about 67 kt of CO 2 was injected into the 633-652 m deep sandstone channels of a saline aquifer in the 75-80-m-thick Stuttgart Formation of Triassic age. Muddy, flood-plain-facies (poor reservoir quality) alternates with sandy channel-facies (good reservoir quality) in the heterogeneous Stuttgart Formation. The immediate caprock of the reservoir formation is formed by the 210-m-thick Weser and Arnstadt formations consisting of mudstones and anhydritic mudstones (Norden et al. 2010) . A 10-20-m-thick anhydrite layer with low porosity and permeability is present at the top of the Weser formation.
Quantitative assessment of the injected CO 2 is very important for CO 2 geological storage projects to demonstrate that the injected CO 2 injected remains in the reservoir (Arts et al. 2002; Chadwick et al. 2005; Lüth et al. 2015) . In addition, if CO 2 leaks into the overlying formations, quantitative estimation of CO 2 leakage is required for designing the most effective remediation and mitigation strategies (Ivanova et al. 2012) . However, several limiting factors, like thin layers and limited vertical resolution exist, making quantitative seismic analysis difficult at CO 2 storage sites. This is due to several factors. First, CO 2 storage within saline aquifers Quantitative evaluation of thin-layer thickness 161 often exploits thin high-permeability layers (such as palaeochannels or sandstone channels; Johansson et al. 2012) . Second, buoyancydriven CO 2 migrates laterally along the top of the reservoir, forming a new thin layer. Third, active band-limited seismic methods utilizing impedance change and reflection time pushdown can detect CO 2 accumulations, but have difficulties in estimating the thickness of thin layers. As an onshore CO 2 storage experiment in a semi-urban site, ambient noise generated by human activities at the Ketzin pilot site is inevitable. In addition, the presence of the thin high-velocity (around 5500 m s −1 ) anhydrite layer masks the layers below, in particular the reservoir layer with weak reflection energy, challenging the use of conventional seismic studies (reflection, refraction and passive seismic).
Since the CO 2 plume has analogous characteristics to a thin bed, a number of approaches have been developed in order to estimate the thickness of the injected CO 2 plume from seismic surveys (Chadwick et al. 2009; Sturton et al. 2010; Arts & Eyvazi 2011) . Arts et al. (2004a) , Chadwick et al. (2004) and Ghaderi & Landrø (2009) utilized seismic amplitude and time shift to estimate the layer thickness of CO 2 at the Sleipner project site, but if phase and amplitude are not well preserved during the data processing errors may be large. As an alternative, spectral decomposition is an effective time-frequency analysis tool for decomposing seismic signals into discrete-frequency components which are phase-independent. The thickness can be determined based on the relationship between the tuning frequency and temporal thickness using spectral decomposition. Several spectral decomposition methods, such as the continuous wavelet transform (CWT) and the Wigner-Ville distribution, have been applied to CO 2 storage sites to qualitatively and quantitatively assess the injected CO 2 (Chadwick et al. 2010; Ravazzoli & Gómez 2014) . White et al. (2013) used the smoothed pseudo Wigner-Ville distribution (SPWVD) to analyse the topmost supercritical CO 2 layer at the Sleipner gas field. A spectral inversion method was also performed, but with limited success. Williams & Chadwick (2012) tested the potential of using SPWVD to estimate the thickness and velocities of thin layers of CO 2 in the Sleipner injection plume. The same spectral decomposition method was also applied at the Snøhvit gas field to distinguish between seismic anomalies caused by CO 2 saturation and pressure (White et al. 2015) .
In this study, we aim to utilize spectral decomposition to quantitatively analyse the thickness of a thin reservoir and gaseous CO 2 distribution at the Ketzin pilot site. Previously, Kazemeini et al. (2009) applied the CWT in order to qualitatively detect sandstone channels in the Stuttgart Formation and remnants of natural gas stored in Jurassic formations. Huang et al. (2016) extracted wavelet phase changes using complex spectral decomposition to map CO 2 migration and possible sandstone channels. Compared with conventional spectral decomposition techniques, the complex spectral decomposition strategy has higher time-frequency resolution and appears to be less sensitive to noise Liu et al. 2015; Huang et al. 2016) . Considering the specific limitations at the Ketzin pilot site, complex spectral decomposition is a good candidate for quantitatively analysing the amount of gaseous CO 2 within the reservoir.
We first uses a synthetic example to verify the effectiveness and robustness of the complex spectral decomposition method. Then monochromatic reflectivity data are decomposed from the 3-D timelapse seismic data from the Ketzin pilot site using complex spectral decomposition to show how the reservoir response varies at distinct frequencies. After wavelet spectrum balancing, a group of frequency slices of the reservoir tuning cube is extracted to investigate thin-bed interference. By using the relationship between the temporal thickness and tuning frequency, the thickness of the reservoir sandstone and gaseous CO 2 are determined, and consequently the gaseous CO 2 mass within the reservoir is calculated. Finally, uncertainties related to seismic quantitative interpretation are discussed.
A P P L I C AT I O N O F C O M P L E X S P E C T R A L D E C O M P O S I T I O N T O DATA F RO M T H E K E T Z I N P I L O T S I T E F O R C O S T O R A G E
Complex spectral decomposition Han et al. 2015 ) is a spectral decomposition method using inversion strategies to decompose the seismic signal into the corresponding complex time-frequency spectrum which includes the phase and frequency information (Appendix). Unlike spectral decomposition methods based on Fourier and wavelet transforms, the complex spectral decomposition method is less restricted by the Heisenberg-Gabor uncertainty principle (Gabor 1946; see Fig. A1) . A complex Ricker wavelet library is used in this study because (1) the wavelet extracted from the processed 3-D seismic data at the Ketzin site using a statistical method is very close to a Ricker wavelet; (2) the seismic trace can be well reconstructed by convolving the reflectivity series obtained by complex spectral decomposition with the chosen wavelet library. This section shows the application of the complex spectral decomposition method to the time-lapse 3-D data sets in order to quantitatively assess the amount of injected CO 2 at the Ketzin pilot site.
In autumn 2005, a 3-D seismic survey, serving as a baseline, was acquired (Juhlin et al. 2007) , followed by two 3-D repeat seismic surveys (Ivanova et al. 2012; Ivandic et al. 2015) volume in order to minimize the non-injection related anomalies (Ivanova et al. 2012; Ivandic et al. 2015) . Fig. 2 shows the baseline seismic amplitude sections adjacent to the injection well and the corresponding reflectivity amplitude sections at all frequency bands. The pronounced reflection marked as K2 results from the thin anhydrite layer above the reservoir. It is clear that an improvement in temporal resolution is achieved by applying complex spectral decomposition when compared with the conventional seismic data. More stratigraphic details are visible in the reflectivity amplitude sections. Discontinuities in the reservoir horizon, especially to the east and south of the site, are consistent with the presence of a highly heterogeneous reservoir and explain the observed predominant WNW trend in the CO 2 plume migration (Ivandic et al. 2015) .
In order to use frequency as a tuning button to obtain a first visual estimate of layer thicknesses, a group of monochromatic reflectivity amplitude sections have been extracted from the baseline and two repeat seismic data sets (Fig. 3) . Most of the reflectivity amplitudes related to the reservoir are present between the dominant frequencies of 30 and 40 Hz, while the reflectivity amplitude of the K2 reflector is more obvious at 40 Hz. For frequencies below 30 Hz or above 50 Hz, the amplitude becomes very low and may only represent ambient noise. Amplitude anomalies due to the injected CO 2 in the repeat surveys are more noticeable at a dominant frequency of 40 Hz. Fig. 4 shows the 40 Hz horizon maps of the reflectivity amplitude and the corresponding wavelet phase at the reservoir level. Phases corresponding to very low reflectivity amplitudes (less than 25 per cent of the maximum amplitude) which are widespread over the map are assumed to be due to the remaining non-repeatable noise and were removed (Ivandic et al. 2015; Huang et al. 2016) . This study focuses on the application of the frequency attributes, however, by combining both reflectivity amplitude and Quantitative evaluation of thin-layer thickness 163 along the road south of the site can be correlated with the relatively high noise of local traffic due to several trucks passing between Etzin and Neu Falkenrehde (Huang et al. 2016) . The patchy anomaly in the northeast corner can be linked to the wind turbines field that has been identified as a source of seismic noise in Gassenmeier et al. (2015) . These maps also show the challenge of monitoring CO 2 sequestration using active seismic: CO 2 storage sites will generally be near the emission sources (large industrial areas), making the anthropogenic noise something unavoidable to work with. Fig. 5 shows the corresponding reflectivity amplitude difference maps in comparison with the previous normalized time-lapse amplitude difference maps at the reservoir level. After subtracting, the footprint attributed to the local traffic significantly decreases. The sandstone channels recognized in the first repeat are more obvious than for the second repeat. This may be due to the higher signal-to-noise ratio present in this area of the first repeat based on previous analyses of ambient noise (Kashubin et al. 2011; Huang et al. 2016) . Compared to the main extent of the seismic amplitude difference, the majority of the reflectivity amplitude difference displays a similar outline and trend of CO 2 migration. In addition, the anomaly is more concentrated around the injection well. This is probably due to the complex spectral decomposition method being less sensitive to ambient noise. By combining the results of the monochromatic reflectivity amplitude and the seismic amplitude maps, the risk of misinterpreting CO 2 anomalies, corresponding to CO 2 migration, can be reduced.
Q UA N T I TAT I V E C O 2 E VA L UAT I O N U T I L I Z I N G T U N I N G F R E Q U E N C Y

Thickness determination
The net reservoir at the Ketzin site can be classified as a thin layer, since the thickness of the primary sandstone channels in the upper part of the Stuttgart Formation, ranging from 9 to 20 m , is less than 1/4 of the dominant wavelength. It is challenging to determine the thickness of a thin reservoir using seismic reflections in the time domain. According to Partyka et al. (1999) , the two-way temporal thickness t of the layer is a function of the period of the amplitude spectrum in the frequency domain P f , namely t = 1/P f = 1/2f, where f is the first tuning frequency. The amplitude spectrum of the thin layer can be constructed by transforming the reflection seismic data within the zone of the reservoir layer from the time domain to the frequency domain. However, for field data, normally it is not easy to entirely separate one reflection from the other in the time domain, especially when these are in close vicinity to each other. In order to minimize the truncation errors due to windowing (Hall 2006) , we make use of the reflectivity amplitude data produced by the complex spectral decomposition method instead of the reflection seismic data. As shown earlier, this is because the reflectivity amplitude with its higher time-frequency resolution can more accurately delineate the zone of the reservoir without including the other reflections. The discrete-frequency reflectivity amplitude
Quantitative evaluation of thin-layer thickness 165 Ivandic et al. (2015) . The seismic amplitude difference is outlined by the magenta contour line at the 0.25 level. This contour is plotted on the reflectivity amplitude maps. The locations of the injection well and three observation wells are marked by the black and grey dots, respectively. data in the temporal window that includes the reservoir zone are then transformed into the frequency domain. After multiplying the corresponding amplitude spectrum of the Ricker wavelet in the complex wavelet library and summing all the discrete-frequency amplitude spectra, the amplitude spectrum of the thin layer is constructed. Source wavelet overprint, noise and thin-bed interference, which is the component of interest, constitute the amplitude spectrum (Partyka et al. 1999) . In order to extract the tuning frequency from the thin-bed interference pattern, the effect of the band-limited wavelet can be minimized by scaling the amplitude spectrum according to the extracted wavelet. We first calculated the layer thickness for a synthetic time-lapse case (Fig. 6 ). The baseline model was established according to the velocity and density data measured in the Ktzi 201 well (Norden et al. 2010) . The yellow inverted trapezoid, which is the second layer, (Fig. 6a) represents the reservoir sandstone. The zero-offset synthetic seismic data were generated by convolution of a 40 Hz Ricker wavelet with the reflectivity series. Then, the temporal thickness of the reservoir was derived using the extracted tuning frequency. As shown in Fig. 6(b) , the first tuning frequency of trace 92 is located at the frequency corresponding to the first trough of the balanced amplitude spectrum when the top and base of the reflector have the same polarity. The determined tuning frequency is 51 Hz which corresponds to the temporal thickness of 9.8 ms (in close agreement with the theoretical value 10 ms). The comparison between the real and calculated temporal thickness (Fig. 6c) the temporal thicknesses of the reservoir are correctly determined. For the temporal thickness between 1 and 8 ms, the accuracy becomes less and no tuning frequency is found at 3 ms. The model after CO 2 injection is shown in Fig. 7 . The presence of CO 2 produces a velocity decrease in the reservoir and forms a new layer within it. From trace 4 to 60, the reservoir is partly saturated with CO 2 while for traces 61 to 100 the reservoir is fully saturated with CO 2 . After applying complex spectral decomposition to the time-lapse amplitude difference, the temporal thickness of the CO 2 plume is obtained (Fig. 7c) . Note that the first tuning frequency is located at the frequency corresponding to the first peak of the balanced amplitude spectrum when the top and base of the reflector have the opposite polarity (Fig. 7b) . The determined tuning frequency is 50 Hz which corresponds to the temporal thickness of 10 ms (also in reasonable agreement with the theoretical value 11 ms). Compared with the baseline result, the error between the real and calculated temporal thickness of the CO 2 plume increases, especially for the reservoir partly saturated with CO 2 , due to the impact of the reservoir base. In spite of this, the error is acceptable and the calculated thickness can reflect the variation trend of the real thickness.
For the time-lapse 3-D seismic data at the Ketzin site, the source wavelet was extracted using well log information and the seismic data windowed from 200 to 800 ms around the location of the Ktzi 201 well (Huang et al. 2015) . The amplitude spectrum of this source wavelet was then used to balance the amplitude spectrum. Due to the reservoir heterogeneity, extraction of peaks or troughs in the data is challenging, since the polarity of the reservoir top and base is unknown. An alternative approach is to (1) determine the first peak of the balanced amplitude spectrum, (2) multiply the amplitude spectrum with −1, (3) determine the first peak of the balanced amplitude spectrum multiplied by −1, and (4) choose the minimum frequency corresponding to peaks. The chosen frequency correctly corresponds to the first tuning frequency and allows mapping of the reservoir tuning frequency (Fig. 8) the sandstone unit ranges from 50 to 80 Hz, corresponding to a two-way temporal thickness between 6.3 and 10 ms. Ultrasonic laboratory experiments indicate an average velocity of the reservoir sandstone saturated with 100 per cent formation brine at the Ketzin site of 3135 m s −1 (Ivanova et al. 2012) . Therefore, the calculated thickness of the reservoir based on the tuning frequency ranges from 9.7 to 17.4 m, consistent with the 9-20 m sandstone unit derived from well logs .
Complex spectral decomposition was also applied to the normalized time-lapse amplitude differences in order to extract the tuning frequency related to the gaseous part of the CO 2 plume. A cut-off of 0.25 for the amplitude difference at the reservoir level was adopted to define the distribution of the gaseous CO 2 , since values smaller than 0.25 scatter all over the map and are, consequently, regarded as ambient noise (Ivandic et al. 2015) . Then the tuning frequencies were determined from the balanced amplitude spectra of the timelapse amplitude differences of the reservoir layer within the defined area. Fig. 9 shows the determined tuning frequencies due to the injected CO 2 . It clearly shows that the tuning frequency at the edge of the amplitude difference anomaly is comparatively high. Much higher tuning frequencies are identified in the northern, southern and eastern areas encompassing the injection well. These areas are assumed to be the low-permeability CO 2 migration pathways and are likely to explain the preferred WNW trend of the CO 2 propagation. The determined values of the tuning in the vicinities of the Ktzi 201, Ktzi 202 and Ktzi 203 wells are 27, 61 and 66 Hz, respectively, for the first repeat survey compared with 25, 59 and 29 Hz for the second one. For the Ktzi 200 well, no tuning is found for the first repeat survey, whereas a tuning frequency of 35 Hz is determined for the second repeat survey. The corresponding two-way temporal thicknesses of the gaseous CO 2 plume at these four wells in comparison with the measured thickness of the sandstone unit from well logging are given in Table 1 . As shown, the temporal thickness of the gaseous CO 2 plume increases with increasing amounts of injected CO 2 . For the second repeat survey, the temporal thickness variation of the gaseous CO 2 plume agrees well with the thickness variation of the reservoir sandstone. A significant increase in the temporal thickness of the gaseous CO 2 plume is observed at Ktzi 203. This indicates a preferential migration of the gaseous CO 2 plume in the up-dip direction, which is in agreement with observations from the other seismic ) and electromagnetic methods (Bergmann et al. 2012; Grayver et al. 2014 ) employed at the Ketzin site. It is known that the velocity of the sandstone after CO 2 injection is influenced by the CO 2 saturation. The average velocity of the reservoir sandstone containing CO 2 is around 2370 m s −1 based on an average CO 2 saturation of 50 per cent measured at Ktzi 201 (Ivanova et al. 2013b) . Using H = VT/2, where V is reservoir velocity and T is the two-way temporal thickness, the corresponding thicknesses (H) of the gaseous CO 2 plume at the two repeat times at the Ktzi 201 well correspond to 21.7 and 23.3 m, both close to the net thickness of the reservoir sandstone but slightly higher. This is reasonable since pulsed neutron-gamma logging had detected the presence of CO 2 within a thinner siltstone and sandstone layer underlying the main injection interval in the Ktzi 201 well (Ivanova et al. 2012; Baumann et al. 2014) .
Evaluation of CO 2 saturation and pressure based anomalies
Time-lapse amplitude variation with offset (AVO) analysis has been used to discriminate between pressure and saturation changes caused by CO 2 injection (Landrø 2001) . Landrø et al. (2003) exploited AVO to estimate pressure and saturation changes from marine multicomponent time-lapse seismic data. Grude et al. (2013) 168 F. Huang et al.
used a first order approximation to discriminate the pressure effect from the saturation effect. However, analysis of AVO may be invalid, if thin-layer interference occurs (Swan 1991; Juhlin & Young 1993; Chadwick et al. 2010) . At the Ketzin site, Ivanova et al. (2013a) investigated these two effects using the modelled AVO response and concluded that it is difficult to discriminate between these two effects in the field data due to the limited signal-to-noise ratio and reservoir heterogeneity. The effective stress in the formation decreases with increasing pore pressure due to CO 2 injection. Consequently, P-wave velocity decreases and noticeable changes in the seismic response similar to those triggered by CO 2 saturation may be detected. Note that a reduced S-wave velocity will also be the result of increased pore pressure. Such a reduction will not occur, if the P-wave velocity reduction is only related to saturation effects. An analysis of the tuning frequency may allow for discrimination of pressure and saturation effects if S-wave velocity information is not available for the reservoir. Increased pore pressure will affect the entire reservoir height and the resulting tuning frequency will generally be lower than that due to saturation, since the gaseous CO 2 saturation will normally be concentrated to the upper portion of the reservoir (White et al. 2015) . Utilizing these distinct tuning frequencies, the anomalies generated by pressure and gaseous CO 2 saturation can potentially be separated from each other. Using sandstone thicknesses determined from the baseline survey, the corresponding tuning frequencies for the sandstone thicknesses fully saturated with CO 2 were calculated from the model in Section 3.1. These calculated tuning frequencies are assumed to be theoretical lower limits of the repeat tuning frequencies and therefore are set as cut-off values for the repeat surveys to distinguish between saturation and pressure anomalies. If the repeat tuning frequency is lower than the cut-off, it is because pressure effects overcome the saturation effect, and vice versa. The anomaly discrimination between pressure and CO 2 saturation effects is mapped in Fig. 10 . A stronger pressure anomaly is observed in the first repeat survey compared to the second repeat survey. This is consistent with the higher downhole pressure measured during the first repeat, while a noticeable decrease in downhole pressure was recorded during the second repeat (Martens et al. 2014) . As expected, the outline of the gaseous CO 2 extent increases in size as more CO 2 is injected.
Assessment of CO 2 mass
Quantitative assessment of the CO 2 mass is an important component in monitoring the growth of the gaseous CO 2 distribution and any potential leakage (Arts et al. 2004b; Chadwick et al. 2005; Lüth et al. 2015) . Previously, the assessment of the CO 2 mass at the Ketzin pilot site was based on the time delays from seismic reflections below the reservoir and the reflection strength of the CO 2 induced seismic anomaly. As discussed earlier, the CO 2 evaluation utilizing the determined tuning frequency extracted by the complex spectral decomposition can recognize the thickness of the thin layer and is independent of the seismic phase compared with the methods using time delays. In addition, the gaseous CO 2 mass can be derived from the anomaly resulting from CO 2 saturation without including the anomaly caused by pressure.
The following equation (Arts et al. 2002) can be used to calculate the mass of the CO 2 :
where N is the number of CDP bins, ρ i and S i are the density and saturation of the CO 2 in the ith CDP bin, φ is the porosity of the reservoir sandstone, H is the thickness of the gaseous CO 2 , dx and dy determine the CDP bin size (12 m × 12 m). H can be calculated using H = V g T g /2, where T g is the thickness of gaseous CO 2 derived from the time-lapse 3-D surveys and V g is the velocity in the reservoir saturated with CO 2 . However, it is impractical to directly acquire real and detailed values from the reservoir containing CO 2 , due to the highly heterogeneous lithology and the generally limited understanding of the subsurface. Detailed velocities at two repeat times and porosities previously built by incorporating logging data, interpretation of 3-D seismic data and history-matched dynamic flow simulations (Kempka et al. 2013; Norden & Frykman 2013; Huang et al. 2015) were used to represent the corresponding values of the reservoir saturated with CO 2 . Detailed parameters about density and CO 2 saturation were extracted from the dynamic flow simulations (Kempka et al. 2013; Class et al. 2015) . Fig. 11 shows the distribution of the CO 2 mass calculated using H from the field data and the other parameters from the dynamic simulations. It is clearly seen that more CO 2 is present around the injection well, while less CO 2 is present at the boundaries of the gaseous CO 2 extent. The calculated CO 2 masses for the two repeat times are 22.0 and 45.1 kt, compared to the actual injected masses of 23.5 and 61 kt, respectively. The discrepancy between the injected and calculated CO 2 amount is partly attributed to the uncertainty in reservoir properties. Therefore, it is necessary to investigate the impact of different parameters on assessment of CO 2 mass. Different combinations of parameters were tested and are shown in Table 2 . The constant velocity of 3000 m s −1 for the two repeat times is the average value of the detailed velocities. The average porosity of 20 per cent was obtained from core analysis . The calculated CO 2 densities of 266.62 and 215 kg m −3 are based on observed average temperatures and pressures in the wells at the two repeat times, respectively. It can be seen that the amplitude cut-off has significant influence on the results of the calculated CO 2 mass, whereas using average or detailed reservoir parameters only slightly affects it. An increase of 0.05 in amplitude cut-off corresponds to a 15-25 per cent reduction in calculated mass. By using the values of 0.3 and 0.2 for amplitude cut-off, the lower and upper limits of the calculated CO 2 mass were determined, namely 16.6 and 26.4 kt for the first repeat time and 38.6 and 63.1 kt for the second repeat time.
D I S C U S S I O N
Continuous layers with greater vertical resolution are clearly seen in the reflectivity amplitude sections extracted from the original seismic data via the trace-by-trace complex spectral decomposition method. Experienced geophysicists can interpret the formations based on the seismic reflection data. However, by combining the reflectivity amplitude data with conventional seismic data, it is easier to recognize the top and base of the formations and reduce the risk of biased interpretations. The discontinuity found east and south of the injection site is consistent with the expected reservoir heterogeneity and can be used to explain why the gaseous CO 2 prefers to move WNW.
The synthetic example verifies that the calculated temporal thickness is accurate for the baseline model and the layer fully saturated with CO 2 . For the layer partly saturated with CO 2 , the calculated thickness of the gaseous CO 2 generally yields acceptable results and coincides with its theoretical thickness changes. The increase in error originates from the influence of the layer base. This implies that the determined temporal thickness of the thin layer becomes less accurate if a neighbouring thin layer is present.
Abnormally high tuning frequencies in the northern, southern and eastern areas around the injection well are likely to imply low permeability or poor connectivity in those locations. This is also consistent with the observed predominant trend of CO 2 growth to WNW. Analysis of the amplitude anomaly for discrimination of pressure versus CO 2 saturation using the extracted tuning frequency shows that a pressure effect is present, but is not extensive at the Ketzin site. Most of the anomaly is due to CO 2 saturation. This suggests that connected sandstone channels exist in the reservoir, predominantly towards the west and north of the injection location.
CO 2 mass assessment was performed based on the tuning frequency interpretation of the CO 2 saturation. This approach eliminates the pressure effect and is not influenced by the seismic phase when evaluating the CO 2 mass. However, uncertainties remain in the CO 2 mass assessment. Apart from reservoir heterogeneity and limited knowledge on the subsurface, ambient noise is another possible factor affecting uncertainties although the range of the gaseous CO 2 plume was defined by using a cut-off of 0.25 for the amplitude difference to exclude noise. In addition, exact wavelet extraction using the balanced amplitude spectrum is also important to correctly determine the tuning frequency. The previous estimates using time delays to assess CO 2 mass at Ketzin had two main uncertainties, the time-delay cut-off and the amplitude cut-off, whereas the amplitude cut-off is the main uncertainty factor in mass assessment when using the tuning frequency approach. Assumptions concerning the reservoir parameters have a limited influence on the uncertainty of the CO 2 mass assessment. In addition to the above factors, the relatively high CO 2 dissolution ratio, about 25 per cent as derived from the dynamic simulations at the relevant times, may also contribute to the mass discrepancy. High dissolution rates are reasonable given the structural heterogeneity of the Stuttgart Formation (sand channels resulting in a large CO 2 -brine interface) and the relatively low injection rates. Using parameters from the dynamic simulations and 0.25 for the amplitude cut-off, the calculated CO 2 masses for the two repeat times are 22.0 and 45.1 kt, which are 7 and 26 per cent less than the actual injected masses, respectively. Assuming CO 2 dissolution accounts for a decrease of 25 per cent for both repeat surveys, it can be seen that the mass of injected CO 2 for the first repeat survey was significantly overestimated whereas the mass of injected CO 2 for the second repeat survey was slightly underestimated. There are at least two possible explanations for this. First, for the comparatively thin layer partly saturated with CO 2 , the determined temporal thickness of CO 2 from the repeat model is larger than the theoretical temporal thickness of CO 2 (Fig. 7c) due to the influence of the layer base. This will lead to an increase of the estimated CO 2 mass. Second, some thin layers of CO 2 at the margins of the main area of the CO 2 plume were excluded after applying the amplitude cut-off. This will lead to a decrease of the estimated CO 2 mass. Assuming a simple case with a number of constant-thickness thin layers partly saturated with constant-thickness thin CO 2 layers (e.g. trace 16 in Fig. 7a) , the relationship between the total amount of the CO 2 within these thin layers and the estimated amount of the CO 2 for a given percentage of used thin layers is shown in Fig. 12 . It is clearly shown that if the percentage of the thin layers used to estimate CO 2 mass is less Quantitative evaluation of thin-layer thickness 171 than a certain point (62 per cent), the estimated CO 2 mass is underestimated while if the percentage exceeds the point, the estimated CO 2 mass is overestimated. This implies that in comparison with the first repeat survey, more thin layers saturated with CO 2 were excluded from the second repeat survey after applying the same amplitude cut-off of 0.25. This is reasonable since the areal extent of thin layers saturated with CO 2 in the second repeat time should be larger than that at the first repeat time due to the process of CO 2 diffusion (thin layer spreading). In addition, at some locations CO 2 saturation and pressure may generate very similar responses, which are impossible to distinguish using the tuning frequency. This may also contribute to increases in the estimated CO 2 mass.
C O N C L U S I O N S
Compared with conventional spectral decomposition methods constrained by the uncertainty principle, the complex spectral decomposition method provides higher time-frequency resolution and is less sensitive to random noise. This frequency-dependent information was used for analysis of the thin reservoir and the gaseous CO 2 extent at the Ketzin pilot site. The reflectivity amplitude sections exhibit higher temporal resolution and more stratigraphic details compared to the original seismic data. The observed anomaly distribution at a dominant frequency of 40 Hz is consistent with previous time-lapse amplitude difference results. The tuning frequency maps reflect the temporal thickness variation of the reservoir sandstone and gaseous CO 2 . The tuning frequency analysis allows the effects of CO 2 saturation to be separated from pressure effects, providing a quantitative evaluation of the non-dissolved CO 2 mass in the reservoir.
However, significant uncertainty remains in the mass assessment due to the presence of ambient noise, errors in determining the tuning frequency, reservoir heterogeneity, a limited understanding of the complex subsurface and limited validation options for assessing the amount of CO 2 dissolution actually occurring in the Stuttgart Formation as derived from dynamic simulations. These factors are considered as the main reasons for the discrepancy between the injected and calculated CO 2 mass. A combined approach using seismic and other geophysical methods may contribute to a decrease in uncertainties. Given that the electromagnetic method is also very sensitive to the presence of injected CO 2 due to the resistivity contrast (Grayver et al. 2014; Bergmann et al. 2015) , 4-D joint seismic-electromagnetic monitoring for the injected CO 2 plume can potentially be used to improve coverage and provide useful complementary information on the CO 2 distribution.
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R E F E R E N C E S A P P E N D I X : T H E O RY O F C O M P L E X S P E C T R A L D E C O M P O S I T I O N
In accordance with the convolution model, a seismic trace s in the time domain can be represented by a source wavelet convolved with a reflectivity series. Considering the case of multiple wavelets , the seismic trace can be constructed by the summation of convolutions of N distinct wavelets w with the corresponding reflectivity sequences r and the addition of random noise n. In order to include phase information, a complex wavelet library can be built by transforming the real-valued wavelets with the Hilbert transform. Consequently, the seismic trace is given by
where * represents convolution, w i is the ith complex wavelet with dominant frequency f and phase ϕ w , r i is the corresponding complex reflectivity series with the components of frequency f and phase ϕ r . According to the phase property of deconvolution, the phase component of the seismic trace will be maintained in the complex reflectivity series if the complex wavelet library is constructed by zero-phase wavelets (ϕ w = 0).
In matrix form, the above equation can be written as
where W i is the convolution matrix of the complex wavelet w i . Eq. (A2) can also be expressed as a product of the convolution matrix of the complex wavelet library W and reflectivity sequences as s = Wr + n.
Determination of the reflectivity sequences r, namely the complex time-frequency spectrum including phase and dominant frequency information, from eq. (A3) is an underdetermined inverse problem. The L1 norm has a sparsity-inducing property, and therefore L1-norm regularization is applied to the cost function J (eq. A4) in order to obtain the time-frequency spectrum concentrated around the centre of the wavelets 
where the least square term is the prediction error and λ is the regularization parameter which manipulates the L1 norm to affect the solution sparsity. In order to reduce the required computational time, a fast iterative soft-thresholding algorithm (Beck & Teboulle 2009 ) is used to solve the cost function. Fig. A1 shows a comparison of the complex spectral decomposition spectrum with the Gabor transform and CWT spectra. The first reflection in the synthetic trace is generated by convolving a 25 Hz dominant frequency Ricker wavelet phase shifted by −30
• with a positive reflection coefficient located at 0.1 s. The second reflection results from a zero-phase Ricker wavelet of 40 Hz dominant frequency convolved with a reflectivity pair. For the reflectivity pair, the positive reflection coefficient is placed at 0.3 s with a reflection coefficient of opposite polarity and of equal magnitude 5 ms later. The third and fourth reflections are generated by the convolution of a 60 Hz 50
• phase shifted Ricker wavelet and an 85 Hz 125
• phase shifted Ricker wavelet with positive reflectivity sequences placed at 0.5 and 0.7 s, respectively. Gaussian noise is introduced to the synthetic trace in order to test the noise sensitivity. In comparison with the Gabor transform and CWT methods, the complex spectral decomposition result has significantly higher time-frequency resolution and is less affected by random noise. The reflective energy concentrates around the corresponding dominant frequencies and resolves the reflectivity pair of the second reflection. In addition, the phase spectrum obtained by complex spectral decomposition correctly reveals the phase information of the synthetic signals.
